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(57) ABSTRACT 

In one embodiment, the present disclosure provides a com 
puter implemented method of determining energy expendi 
ture associated with a user's movement. A plurality of video 
images of a subject are obtained. From the plurality of video 
images, a first location is determined of a first joint of the 
Subject at a first time. From the plurality of video images, a 
second location is determined of the first joint of the subject at 
a second time. The movement of the first joint of the subject 
between the first and second location is associated with an 
energy associated with the movement. 
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TRACKING PROGRAMAND METHOD 

CROSS REFERENCE TO RELATED 
APPLICATION 

0001. This application claims the benefit of, and incorpo 
rated by reference, U.S. Provisional Patent Application Ser. 
No. 61/692.359, filed Aug. 23, 2012. 

SUMMARY 

0002 Certain aspects of the present disclosure are 
described in the appended claims. There are additional fea 
tures and advantages of the various embodiments of the 
present disclosure. They will become evident from the fol 
lowing disclosure. 
0003. In this regard, it is to be understood that the claims 
form a brief summary of the various embodiments described 
herein. Any given embodiment of the present disclosure need 
not provide all features noted above, nor must it solve all 
problems or address all issues in the prior art noted above or 
elsewhere in this disclosure. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0004 Various embodiments are shown and described in 
connection with the following drawings in which: 
0005 FIG. 1 is a photograph of a subject playing an exer 
game useable in an embodiment of the present disclosure. 
0006 FIG. 2 is a visual representation of the sphere and its 
partitioning into bins for the joint binning process. 
0007 FIG. 3: Predicted METs versus ground truth. Fig 
ures show predicted METs in one-minute intervals for light 
(left) and vigorous (right) using three different regression 
models with each model using the following features: KA 
uses acceleration; KJB uses joint position; and KA--KJB uses 
both acceleration and joint position. AA shows predicted 
MET using the wearable accelerometers. METs are aver 
aged over 9 subjects. The blue lines show the ground truth 
MET collected using the portable metabolic system. 
0008 FIG. 4 Root mean square (RMS) error of predicted 
MET versus ground truth for each technique and their aver 
ages. Error bars display standard deviation of the RMS error 
between subjects. 
0009 FIG.5 Recent commercially available depth sensing 
cameras, Such as Microsoft Kinect, allow for accurately 
tracking skeletal joint positions of a user playing an exer 
game. 
0010 FIG. 6: Kinematic information and EE of a subject 
playing an exergame is obtained using a portable VO2 meta 
bolic system. From the skeletal joint location data, various 
motion related features are extracted to train a regression 
model using the collected ground truth data. 
0011 FIG. 7 Based on kinematic information the regres 
sion model can then predict the EE of an activity. 

DETAILED DESCRIPTION 

0012 Unless otherwise explained, all technical and scien 
tific terms used herein have the same meaning as commonly 
understood by one of ordinary skill in the art to which this 
disclosure belongs. In case of conflict, the present specifica 
tion, including explanations of terms, will control. The sin 
gular terms “a,” “an and “the include plural referents unless 
context clearly indicates otherwise. Similarly, the word 'or' 
is intended to include “and” unless the context clearly indi 
cates otherwise. The term “comprising means “including: 
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hence, "comprising A or B' means including A or B, as well 
as A and B together. Although methods and materials similar 
or equivalent to those described herein can be used in the 
practice or testing of the present disclosure, Suitable methods 
and materials are described herein. The disclosed materials, 
methods, and examples are illustrative only and not intended 
to be limiting. 
0013 Short bouts of high-intensity training can poten 

tially improve fitness levels. Though the durations may be 
shorter than typical aerobic activities, the benefits can be 
longer lasting and the improvements to cardiovascular health 
and weight loss more significant. This observation is particu 
larly interesting in the context of exergames, e.g., video 
games that use upper and/or lower-body gestures, such as 
steps, punches, and kicks and which aim to provide their 
players with an immersive experience to engage them into 
physical activity and gross motor skill development. Exer 
games are characterized by short bouts (rounds) of physical 
activity. As video games are considered powerful motivators 
for children, exergames could be an important tool in com 
bating the current childhood obesity epidemic. 
0014) A problem with the design of exergames is that for 
game developers it can be difficult to assess the exact amount 
of energy expenditure a game yields. Heart rate is affected by 
numerous psychological (e.g., arousal) as well as physi 
ological/environmental factors (such as core and ambient 
temperature, hydration status), and for children heart rate 
monitoring may be a poor proxy for exertion due to develop 
mental considerations. Accelerometer based approaches can 
have limited usefulness in capturing total body movement, as 
they typically only selectively measure activity of the body 
part they are attached to and they can’t measure energy expen 
diture in real time. To accurately predict energy expenditure 
additional Subject specific data is usually required (e.g. age, 
height, weight). Energy expenditure can be measured more 
accurately using pulmonary gas (VO2. VCO2) analysis sys 
tems, but this method is typically invasive, uncomfortable and 
expensive. 
0015. In a specific example, the present disclosure pro 
vides a computer vision based approach for real time estima 
tion of energy expenditure for various physical activities that 
include upper and lower body movements that is non-intru 
sive, has low cost and which can estimate energy expenditure 
in a subject independent manner. Being able to estimate 
energy expenditure in real time could allow for an exergame 
to dynamically adapt its gameplay to stimulate the player in 
larger amounts of physical activity, which achieves greater 
health benefits. 

0016. In a specific implementation, regression models are 
used to capture the relationship between human motion and 
energy expenditure. In another implementation, view-invari 
ant, representation schemes of human motion, such as histo 
grams of 3D joints, to develop different features for regres 
sion models. 

0017 Approaches for energy expenditure estimation 
using accelerometers can be classified in two main categories: 
(1) physical-based, and (2) regression-based. Physical-based 
approaches typically rely on a model of the human body; 
where velocity or position information is estimated from 
accelerometer data and kinetic motion and/or segmental body 
mass is used for to estimating energy expenditure. Regres 
Sion-based approaches, on the other hand, generally estimate 
energy expenditure by directly mapping accelerometer data 
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to energy expenditure. Advantageously, regression 
approaches do not usually require a model of the human body. 
0.018. One regression-based approach is estimating energy 
expenditure from a single accelerometer placed at the hip 
using linear regression. This approach has been extended to 
using non-linear regression models (i.e., to fully capture the 
complex relationship between acceleration and energy 
expenditure) and multiple accelerometers (i.e., to account for 
upper or lower body motion which is hard to capture from a 
single accelerometer placed at the hip). Combining acceler 
ometers with other types of sensors. Such as heart rate moni 
tors, can improve energy expenditure estimation. 
0019 Traditionally, energy expenditure is estimated over 
sliding windows of one minute length using the number of 
acceleration counts per minute (e.g., Sum of the absolute 
values of the acceleration signal). Using shorter window 
lengths and more powerful features (e.g., coefficient of varia 
tion, inter-quartile interval, power spectral density over par 
ticular frequencies, kurtosis, and skew) can provide more 
accurate energy expenditure estimates. Moreover, incorpo 
rating features based on demographic data (e.g., age, gender, 
height, and weight) can compensate for inter-individual 
variations. 

0020. A limitation of using accelerometers is in their 
inability to capture total activity, as accelerometers typically 
only selectively record movement of the part of the body to 
which they are attached. Accelerometers worn on the hip are 
primarily suitable for gait or step approximation, but will not 
capture upper body movement; if worn on the wrist, locomo 
tion is not accurately recorded. Increasing the number of 
accelerometers increases accuracy of capturing total body 
movement but is often not practical due to cost and user 
discomfort. A more robust measure of total body movement 
as a proxy for energy expenditure is overall dynamic body 
exertion (OBDA); this derivation accounts for dynamic accel 
eration about an organism’s center of mass as a result of the 
movement of body parts, via measurement of orthogonal-axis 
oriented accelerometry and multiple regression. This 
approach, for example using using two triaxial accelerom 
eters (one stably oriented in accordance with the main body 
axes of surge, heave and Sway with the other set at a 30-degree 
offset), has approximated energy expenditure/oxygen con 
Sumption more accurately than single-unit accelerometers, 
but generally requires custom-made mounting blocks in order 
to properly orient the expensive triaxial accelerometers. 
0021. In a specific example, the system and method of the 
present disclosure are implemented using a commercially 
available 3D camera (Microsoft's Kinect) and regression 
algorithms to provide more accurate and robust algorithms 
for estimating energy expenditure. The Kinect is used to track 
the movement of a large number (such as 20) of joints of the 
human body in 3D in a non-intrusive way. This approach can 
have a much higher spatial resolution than accelerometer 
based approaches. An additional benefit is also an increase in 
temporal resolution. Accelerometers typically sample with 
32 Hz but they are limited in reporting data in 15 second 
epochs, whereas the Kinect can report 3D skeletal joint loca 
tions with 200 Hz, which allows for real-time estimation of 
energy expenditure. Benefit of the disclosed approach are that 
it is non-intrusive, as the user does not have to wear any 
sensors and its significantly lower cost. For example, the 
popular Actical accelerometer costs S450 per unit where the 
Kinect sensor retails for S150. 
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0022 Kinect is an active vision system designed to allow 
users to interact with the Xbox 360 video game platform 
without the need for a hand-held controller. The system uses 
an infrared camera to detect a speckle pattern projected onto 
the user's skin in the sensors field of view. A 3D map of the 
user's body is then created by measuring deformations in the 
reference speckle pattern. A color camera provides color data 
to the depth map. Several studies have been performed to 
assess the accuracy of Kinect by comparing it with some very 
expensive and highly accurate 3D motion capture systems 
such as Vicon. The random error of depth measurement 
increases with increasing distance to the sensor, and ranges 
from a few millimeters up to about 4 cm at the maximum 
range of the sensor (i.e., 5.0 m distance from sensor). The 
Kinect was able to estimate quite accurately the 3D relative 
positions of four 0.10 cm cubes placed at different distances. 
0023 The human body is an articulated system of rigid 
segments connected by joints. In one implementation, the 
present disclosure estimates energy expenditure from the 
continuous evolution of the spatial configuration of these 
segments. A method to quickly and accurately estimate 3D 
positions of skeletal joints from a single depth image from 
Kinect has is described in Shotton, et al., “Real-Time Human 
Pose Recognition in Parts from Single Depth Images' 2011 
IEEE Conference on Computer Vision and Pattern Recogni 
tion (CVPR) Jun. 20-25, 2011, 1297-1304 (June 2011), incor 
porated by reference herein. The method provides accurate 
estimation of twenty 3D skeletaljoint locations at 200 frames 
per second and is invariant to pose, body shape, clothing, etc. 
The skeletal joints include hip center, spine, shoulder center, 
head, L/R shoulder, L/Relbow, L/R wrist, L/Rhand, L/Rhip, 
L/R knee, L/Rankle, and L/R foot. The estimated joint loca 
tions include information about the direction of the person is 
facing (i.e., can distinguish between the left and right limb 
joints). 
0024. The present disclosures estimates energy expendi 
ture using computing motion-related features from 3D joint 
locations and mapping them to ground truth energy expendi 
ture using State-of-the-art regression algorithms. In one 
implementation, ground truth energy expenditure is esti 
mated by computing the mean value over the same time 
window of energy expenditure data collected using an indi 
rect calorimeter (e.g., in METs). METs are the number of 
calories expended by an individual while performing an 
activity in multiples of his/her resting metabolic rate (RMR). 
METs can be converted to calories by measuring or estimat 
ing an individual’s RMR. 
0025 Having information about 3D joint locations allows 
acceleration information in each direction to be computed. 
Thus, the same type of features previously introduced in the 
literature using accelerometers can be computed using the 
present disclosure. The present disclosure can provide greater 
accuracy and at a higher spatial and temporal resolution. The 
present disclosure can also be used to extract features from 
powerful, view-invariant, representations Schemes of human 
motion, Such as histograms of 3D joints, as described in Xia, 
et al., “View invariant human action recognition using histo 
grams of 3d joints, 2nd International Workshop on Human 
Activity Understanding from 3D Data (HAU3D), in conjunc 
tion with IEEE CVPR 2012, Providence, R.I., 2012, incorpo 
rated by reference herein (available at cvrc.ece.utexas.edu/ 
Publications/Xia HAU3D12.pdf). 
0026. As described in Xia, a spherical coordinate system 
(see its FIG. 1) is associated with each subject and 3D space 
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is partitioned into n bins. The center of the spherical coordi 
nate system is determined by the subjects hip center while the 
horizontal reference axis is determined by the vector from the 
left hip center to the right hip center. The vertical reference 
axis is determined by the vector passing through the center 
and being perpendicular to the ground plane. It should be 
noted that since joint locations contain information about the 
direction the person is facing, the spherical coordinate system 
can be determined in a viewpoint invariant way. The histo 
gram of 3D joints is computed by partitioning the 3D space 
around the Subject into n bins. Using the spherical coordinate 
system ensures that any 3D joint can be localized at a unique 
bin. To compute the histogram of 3D joints, each joint casts a 
vote to the bin that contains it. For robustness, weighted votes 
can be cast to nearby bins using a Gaussian function. To 
account for temporal information, the technique can be 
extended by computing histograms of 3D joints over a non 
overlapping sliding window. This can be performed by add 
ing together the histograms of 3D joints computed at every 
frame within the sliding window. Parameters that can be 
optimized in specific example include (i) the number of bins 
n, (ii) the parameters of the Gaussian function, and (iii) the 
length of the sliding window. To obtain a compact set of 
discriminative features from the histograms of 3D joints, 
dimensionality reduction will be applied, for example, Regu 
larized Nonparametric Discriminant Analysis. To learn the 
complex relationship between histograms of 3D joints and 
energy expenditure we will investigate modern Regression 
methods such as Online Support Vector Regression, Boosted 
Support Vector Regression, Gaussian Processes, and Random 
Regression Forests can be used to associate histograms of 3D 
joints and energy expenditure, as described in the following 
references, each of which is incorporated by reference herein 
in its entirety, Wang, et al., “Improving target detection by 
coupling it with tracking. Mach. Vision Appl. 2004): 205-223 
(April 2009); Asthana, et al., “Learning based automatic face 
annotation for arbitrary poses and expressions from frontal 
images only. 2009 IEEE Conference on Computer Vision 
and Pattern Recognition 1635-1642 (June 2009); Williams, et 
a. "Sparse and semi-Supervised visual mapping with the 
s3gp. 2006 IEEE Conference on Computer Vision and Pat 
tern Recognition 1:230-237 (June 2006); Fanelli, et al., “Real 
time head pose estimation with random regression forests.” 
2011 IEEE Conference on Computer Vision and Pattern Rec 
ognition (CVPR), 617-624 (June 2011). 
0027. The depth accuracy of Kinect has been evaluated for 
static objects. To test the accuracy of the Kinect for motions, 
an exergame was developed that involved gross motor skills. 
This game involved punching and kicking virtual objects that 
were rendered in front of an image of the user (FIG. 1). The 
accuracy of the Kinect was measured using an optical 3D 
motion tracking system that had a tracking accuracy of 1 mm. 
With markers attached at the wrists (which are joints in the 
Kinect skeletal model) a number of experiments found a 
tracking error of the Kinect that was less than 10 mm. 
0028 Movements in the skeletal model and be correlated 
with calorie expenditure data, Such as using pulmonary data, 
by having Subjects play a video game that involves gross 
motor skills (e.g., punches, kicks and jumps). In one example, 
forty healthy students are recruited to participate in the mea 
Surement. In order to get a robust dataset, the participants are 
chosen with a variety of genders, ethnicities, and body types, 
such a as defined by body mass index (BMI). Subjects height 
and weight data are recorded. During this initial recruitment 
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visit, Subjects additionally undergo body composition assess 
ment using dual-energy X-ray absorptiometry in order to 
facilitate classification according to percent fat, bone, and 
lean muscle mass. Pulmonary data is collected using a 
Cosmed K4b2 portable telemetric breath-by-breath gas 
analysis system, utilizing an 18 mm turbine. The system is 
calibrated before each game trial in the following way: (a) the 
turbine is calibrated for volumetric flow using a 3.0 L cali 
brated gas syringe, and (b) the CO and O. sensors are cali 
brated with a standard gas mixture of 16% O:5% CO. 
Subject body composition is assessed using the GE Lunar 
dual-energy X-ray absorptiometer. Each well-hydrated Sub 
ject is analyzed for lean mass (as skeletal muscle mass), fat 
mass, and bone mineral content. 
0029 Subjects are shown how to play the game, which 
involves punching and kicking targets that are indicated using 
visual cues (FIG. 1). Targets are defined in front of the user at 
arms length to stimulate the largest amount of physical activ 
ity. Users jump over targets to stimulate whole body move 
ments. Prior to playing the game the game calibrates itself to 
the user's height and reach of their limbs to enable the user to 
play the game in place, which is typical for exergames. The 
user has a limited amount of time to destroy each target, 
which is indicated by having the target change color from 
green to yellow to red. Users score points for each target 
destroyed and the faster targets are destroyed the more points 
a user scores, which is a motivating factor. Initially the game 
only includes upper body motions, but becomes progres 
sively harder to play, e.g. upper and lower motions have to be 
performed simultaneously and the user also has to jump. 
Targets also appear faster and farther away from the user. The 
motivation behind this is to stimulate larger amounts of physi 
cal activity. After familiarizing themselves with the game 
play the users are equipped with the pulmonary gas exchange 
system, which continuously collects pulmonary gas 
exchange data throughout the exercise bout. Data is collected 
in 1 minute blocks with one minute rest between each level. 

0030 The increased spatial and temporal resolution of 
being able to track skeletal joints motions will improve the 
accuracy in estimating energy expenditure compared with 
accelerometer based approaches. Data collected from a 
homogenous population of males with both (1) BMI<25 and 
(2) body fat percentage less than 17.5%, in order to minimize 
potential inter-individual variation in energy expenditure due 
to physiological differences Such as gender and gross pheno 
type; better allows for the exploration offeatures that are most 
useful in predicting energy expenditure. The collected data is 
partitioned in training and test data. The parameters of the 
regression model are estimated using the training data while 
the test data is used for assessing the performance of the 
disclosed approach. Three different regression models are 
trained. Two regression models simulate accelerometer based 
approaches with features based on acceleration data with a 
spatial resolution of three joints (wrist, hip, leg) and fivejoints 
(wrist, hip, legs). Acceleration data is computed from 
observed movement data from the respective joints, the rela 
tive limited sensitivity of accelerometers (0.05 to 2 G) and 
temporal resolution (15 second epochs) are further modeled. 
A third regression model uses features computed from joint 
movements from all 20 skeletal joints. If desired, joints can be 
identified which provide the most important information. For 
example, Some joints, such as hand/wrist and ankle/foot, are 
very close to each other, so they may contain redundant 
information. Similar, because Some specific joints (shoulder, 
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elbow and wrist) are connected, redundant information may 
be present. If so, features can be defined at a higher level of 
abstraction, i.e. limbs. Whether to use a higher level of 
abstraction (less granular data) can also depend on the desired 
balance between processing speed/load and accuracy in mea 
Suring energy expenditure. Features from view-invariant, rep 
resentations schemes of human motion, Such as histograms of 
3D joints, can be used in addition to or in place of more 
standard features, e.g., acceleration and Velocity. Data analy 
sis can be subject dependent or Subject independent. For 
Subject independent evaluation, a one-left-out approach can 
be used. That is, training will be performed using the data of 
all the subjects but one and tested the performance on the 
left-out subject. This procedure is repeated for all the subjects 
and the results averaged. For Subject dependent evaluation, a 
k-fold cross-validation approach can be used. 
0031. Subject independent energy expenditure estimation 

is typically more difficult than Subject dependent estimation, 
as commonly employed regression models fail to account for 
physiological differences between subject sets utilized for 
model training/validation and individual Subjects testing with 
that model. In order to increase the applicability of regression 
models to varied Subject phenotypes, additional data is col 
lected from thirty participants, including 10 males with BMI 
over 25 and percentage body fat over 17.5%, and 20 females, 
including 10 with a BMI<25 and percent body fat under 
23.5%, and 10 with BMD-25 and percent body fat over 
23.5%. This data is combined from the previously obtained 
data in order to create a more robust data set, as there may be 
significant inter-individual differences in energy expenditure 
due to differences in gender and body type. New features can 
be defined to capture such differences. The subject population 
can be stratified according to body composition. Features that 
calculate distances between joints as a Supplemental, mor 
phometric descriptor of phenotype can be included. Regres 
sion models that can be used include regression ensembles, an 
effective technique in machine learning for reducing gener 
alization error by combining a diverse population of regres 
sion models. 

0032. The type of activity a user engages in can have a 
significant effect on energy expenditure. The exergame used 
to collect training data may only include gross motor motions, 
Such as punches, kicks and jumps. Previous work on energy 
expenditure classified activities in different types and 
employing a different regression model to estimate energy 
expenditure for each activity type. This classifying all types 
of possible activities can be a difficult or limit the applicabil 
ity of the measurement. According to the present disclosure, 
robust features are defined that are independent of the type of 
the activity. To help identify this features, in addition to col 
lecting pulmonary gas exchange data of Subjects using an 
exergame, Subjects will either play a: (1) tennis based exer 
game or (2) a ball punching and kicking game. For example, 
existing exergames for the Kinect using an additional Kinect 
sensor for input whose location will be calibrated with the 
Kinect sensor for capturing joint data. 
0033 Skeletal joint positions and pulmonary gas 
exchange data is collected while the user is playing the game. 
The subjects height and weight is collected. Qualitative 
experiences are acquired using a questionnaire to assess the 
non-intrusiveness of the disclosed technique. 
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Example 
0034. The present disclosure provides a non-calorimetric 
technique that can predict EE of exergaming activities using 
the rich amount of kinematic information acquired using 3D 
cameras, Such as commercially available 3D cameras (Ki 
nect). Kinect is a controllerless input device used for playing 
video games and exercise games for the Xbox 360 platform. 
This sensor can track up to six humans in an area of 6 m by 
projecting a speckle pattern onto the users body using an IR 
laser projector. A 3D map of the users body is then created in 
real-time by measuring deformations in the reference speckle 
pattern. A single depth image allows for extracting the 3D 
position of 20 skeletal joints at 200 frames per second. This 
method is invariant to pose, body shape and clothing. The 
joints include hip center, spine, shoulder center, head, shoul 
der, elbow, wrist, hand, hip, knee, ankle, and foot (See FIG. 
5). The estimated joint locations include the direction that the 
person is facing, which allows for distinguishing between the 
left and rightjoints for shoulder, elbow, wrist, hand, hip, knee, 
ankle and foot. Studies have investigated the accuracy of 
Kinect, which found that the depth measurement error ranges 
from a few millimeters at the minimum range (70 cm) up to 
about 4 cm at the maximum range of the sensor (6.0 m). 
0035. In a specific implementation, the disclosed tech 
nique uses a regression based approach by directly mapping 
kinematic data collected using the Kinect to EE. Since this has 
shown good results without requiring a model of the human 
body. The EE of playing an exergame is acquired using a 
portable VO2 metabolic system, which provides the ground 
truth for training a regression model (see FIG. 6). Given a 
reasonable amount of training data, the regression model can 
then predict EE of exergaming activities based on kinematic 
data captured using a Kinect sensor (see FIG. 7). Accelerom 
eter based approaches typically estimate EE using a linear 
regression model over a sliding window of one-minute length 
using the number of acceleration counts per minute (e.g., the 
sum of the absolute values of the acceleration). A recent study 
found several limitations for linear regression models to accu 
rately predict EE using accelerometers. Nonlinear regression 
models may be able to better predict EE associated with upper 
body mo-tions and high-intensity activities. 
0036. In one implementation of the disclosed technique, 
Support Vector Regression (SVR) is used, a popular regres 
sion technique that has good generalizability and robustness 
against outliers and Supports non-linear regression models. 
SVR can approximate complex non-linear relationships 
using kernel transformations. Kinect allows for recording 
human motion at a much higher spatial and temporal resolu 
tion. Where accelerometer based approaches are limited to 
using up to five accelerometers simultaneously, the disclosed 
technique can take advantage of having location information 
of 20 joints. This allows for detecting motions of body parts 
that do not have attached accelerometers such as the elbow or 
the head. Though accelerometers sample at 32 Hz, they report 
accumulated acceleration data in 1 second epochs. Their sen 
sitivity is also limited (0.05 to 2 G). Because the disclosed 
technique acquires 3Djointlocations at 200 Hz, accelerations 
can be calculated more accurately and with a higher fre 
quency. Besides using acceleration, features from more pow 
erful, view-invariant, spatial representation schemes of 
human motion can be used, Such as histograms of 3D joints. 
Besides more accurate EE assessment, the disclosed tech 
nique has a number of other benefits: (1) Accelerometers can 
only be read out using an external reader, where the disclosed 
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technique can predict EE in real time, which may allow for 
real-time adjustment of the intensity of an exergame; (2) 
Subjects are not required to wear any sensors, though they 
must stay within range of the Kinect sensor, and (3) Acceler 
ometers typically cost several hundreds of dollars per unit 
whereas a Kinect sensor retails for S150. 
0037. An experiment was conducted to demonstrate the 
feasibility of the disclosed method and system to accurately 
predict the energy expenditure (EE) of playing an exergame. 
This experiment provides insight into the following two re 
search questions: (1) What type of features are most useful in 
predicting EE? (2) What is the accuracy compared with accel 
erometer based approaches? 
0038. Instrumentation 
0039. For the experiment, the Kinect for Windows sensor 
was used, which offers improved skeletal tracking over the 
Kinect for Xbox 360 sensor. Though studies have investigated 
the accuracy of Kinect, these were limited to non-moving 
objects. The accuracy of the Kinect to track moving joints was 
measured using an optical 3D motion tracking system with a 
tracking accuracy of 1 mm. The arms were anticipated to be 
the most difficult portion of the body to track, due to their size; 
therefore, a marker was attached at the wrist of subjects, close 
to wrist joints in the Kinect skeletal model. A number of 
preliminary experiments with two Subjects performing Vari 
ous motions with their arms found an average tracking error 
of less than 10 mm, which was deemed acceptable for our 
experiments. EE was collected using a Cosmed K4b2 por 
table gas analysis System, which measured pulmonary gas 
exchange with an accuracy of +0.02% (O2), +0.01% (CO2) 
and has a response time of 120 ms. This sys-tem reports EE in 
Metabolic Equivalent of Task (MET); a physiological mea 
Sure expressing the energy cost of physical activities. METs 
can be converted to calories by measuring an individuals 
resting metabolic rate. 
0040. An exergame was developed using the Kinect SDK 
1.5 and which involves destroying virtual targets rendered in 
front of an image of the player using whole body gestures 
(See FIG. 1 for a screenshot). This game is modeled after 
popular exergames, such as EyeToy:Kinetic and Kinect 
Adventures. A recent criticism of exergames is that they only 
engage their players in light and not vigorous levels of physi 
cal activity, where moderate-to-vigorous levels of physical 
activity are required daily to maintain adequate health and 
fitness. To allow the method/system of the present disclosure 
to distinguish between light and vigorous exergames, a light 
and a vigorous mode was implemented in the game of this 
example. The intensity level of any physical activity is con 
sidered vigorous if it is greater than 6 METs and light if it is 
below 3 METs. Using the light mode, players destroy targets 
using upper body gestures, such as punches, but also using 
head-butts. Gestures with the head were included, as this type 
ofmotion is difficult to measure using accelerometers, as they 
are typically only attached to each limb. This version was play 
tested with the portable metabolic system using a number of 
subjects to verify that the average amount of EE was below 3 
METs. For the vigorous mode, destroying targets using kicks 
were added, as previous studies show that exergames involv 
ing whole body gesture stimulate larger amounts of EE than 
exergames that only involve upper body gestures. After exten 
sive play testing, jumps were added to assure the average 
amount of EE of this mode was over 6 METs. 

0041. A target is first rendered using a green circle with a 
radius of 50 pixels. The target stays green for 1 second before 
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turning yellow and then disappears after 1 second. The player 
scores 5 points if the target is destroyed when green and 1 
when yellow as to motivate players to destroy targets as fast as 
possible. A jump target is rendered as a green line. A sound is 
played when each target is successfully destroyed. For colli 
sion detection, each target can only be destroyed by one 
specific joint (e.g., wrists, ankles, head). A text is displayed 
indicating how each target needs to be destroyed, e.g., "Left 
Punch” (see FIG. 2). 
0042. An initial calibration phase determines the length 
and posi-tion of the players arms. Targets for the kicks and 
punches are generated at an arm’s length distance from the 
player to stimulate the largest amount of physical activity 
without having the player move from their position in front of 
the sensor. Targets for the punches are generated at arms 
length at the height of the shoulder joints with a random offset 
in the XY plane. Targets for the head-butts are generated at the 
distance of the player's elbows from their shoulders at the 
height of the head. Jumps are indicated using a yellow line 
where the players have to jump 25% of the distance between 
the ankle and the knee. Up to two targets are generated every 
2 seconds. The sequence of targets in each mode is generated 
pseudo-randomly with some fixed probabilities for light (left 
punch: 36%, right punch: 36%, two punches: 18%, head-butt: 
10%) and for the vigorous mode (kick: 27%, jump: 41%, 
punch: 18%, kick-punch: 8%, head-butt: 5%). Targets are 
generated Such that the same target is not selected sequen 
tially. All variables were determined through extensive play 
testing as to assure the desired METs were achieved for each 
mode. While playing the game the Kinect records the sub 
ject's 20 joint positions in a log file every 50 milliseconds. 
0043 Participants 
0044 Previous work on EE estimation has shown that 
subject independent EE estimation is more difficult than sub 
ject dependent estimation. This is because commonly 
employed regression models fail to account for physiological 
differences between subject data used to train and test the 
regression model. For this example, the primary interest is in 
identifying those features that are most useful in predicting 
EE. EE will vary due to physiological features, such as gender 
and gross phenotype. To minimize potential inter-individual 
variation in EE, which helps focus on identifying those fea 
tures most useful in predicting EE; data was collected from a 
homogeneous healthy group of Subjects. The following cri 
teria were used: (1) male; (2) body mass index less than 25: 
(3) body fat percentage less than 17.5%; (4) age between 18 
and 25; (5) exercise at least three times a week for 1 hour. 
Subjects were recruited through flyers at the local campus 
sports facilities. Prior to participation, Subjects were asked to 
fill in a health questionnaire to Screen out any subjects who 
met the inclusion criteria but for whom we anticipated a 
greater risk to participate in the trial due to cardiac conditions 
or high blood pressure. During the intake, Subjects height, 
weight and body fat were measured using standard anthropo 
morphic techniques to assure Subjects met the inclusion cri 
teria. Fat percentage was acquired using a body fat scale. A 
total of 9 males were recruited (average age 20.7 (SD=2.24), 
weight 74.2 kg (SD=9.81), BMI 23.70 (SD=1.14), fat % 
14.41 (SD=1.93)). The number of subjects in this Example is 
comparable with related regression based studies. Subjects 
were paid $20 to participate. 
0045 Data Collection 
0046 User studies took place in an exercise lab. Subjects 
were asked to bring and wear exercise clothing during the 
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trial. Before each trial the portable VO2 metabolic system was 
calibrated for volumetric flow using a 3.0 L calibrated gas 
Syringe, and the CO2 and O2 sensors were calibrated using a 
standard gas mixture of 02:16% and CO2:5% according to 
the manufacturers instructions. Subjects were equipped with 
the portable metabolic system, which they wore using a belt 
around their waist. Also they were equipped with a mask 
using a head strap where we ensured the mask fit tightly and 
no air leaked out. Subjects were also equipped with five 
Actical accelerometers: one on each wrist, ankle and hip to 
allow for a comparison between techniques. Prior to each 
trial, accelerometers were calibrated using the Subjects 
height, weight and age. It was assured there was no occlusion 
and that Subjects were placed at the recommended distance (2 
m) from the Kinect sensor. Subjects were instructed what the 
goal of the game was, i.e., score as many points as possible 
within the time frame by hitting targets as fast as possible 
using the right gesture for each target. For each trial, Subjects 
would first play the light mode of the game for 10 minutes. 
Subjects then rested for 10 minutes upon which they would 
play the vigorous mode for 10 minutes. This order minimizes 
any interference effects, e.g., the light bout didn't exert sub 
jects to such an extent that it is detrimental to their perfor 
mance for the vigorous bout. Data collection was limited to 
ten minutes, as exergaming activities were considered to be 
anaerobic and this Example was not focused on predicting 
aerobic activities. 
0047 Training the Regression Model 
0.048 Separate regression models were trained for light 
and vigorous activities as to predict METs, though all data is 
used to train a single classifier for classifying physical activi 
ties. Eventually when more data is collected, a single regres 
sion model can be trained, but for now, the collected data 
represents disjunct data sets. An SVM classifier was used to 
classify an exergaming activity into being light or vigorous; 
only kinematic data and EE for such types of activities was 
collected. Classifier and regression models were imple 
mented using the LibSVM library. Using the collected ground 
truth, different regression models were trained so as to iden 
tify which features or combinations of features yield the best 
performance. Using the skeletal joint data obtained, two dif 
ferent types of motion-related features are extracted: (1) 
Acceleration of skeletal joints; and (2) Spatial information of 
skeletal joints. 
0049 Acceleration: acceleration information of skeletal 
joints is used to predict the physical intensity of playing 
exergames. From the obtained displacement data of skeletal 
joints, the individual joints acceleration is calculated in 50 
ms blocks, which is then averaged over one-minute intervals. 
Data was partitioned in one-minute blocks to allow for com 
parison with the METs predicted by the accelerometers. 
Though the Kinect sensor and the Cosmed portable metabolic 
system can sample with a much higher frequency, using 
Smaller time windows won't allow for Suppressing the noise, 
which exists in the sampled data. There is a significant 
amount of corre-lation between accelerations of joints (e.g., 
when the handjoint moves, the wrist and elbow often move as 
well as they are linked). To avoid over-fitting the regression 
model, the redundancy in the kinematic data was reduced 
using Principal Component Analysis (PCA) where five accel 
eration features were selected that preserve 90% of the infor 
mation for the light and 92% for the vigorous model. PCA 
was applied because the vectors were very large and it was 
desired to optimize the performance of training the SVR. It 
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was verified experimentally that applying PCA did not affect 
prediction performance significantly. 
0050 Spatial: to use joint locations as a feature, a view 
invariant representation scheme was employed called joint 
location binning. Unlike acceleration, joint binning can cap 
ture specific gestures, but it cannot discriminate between 
vigorous and less vigorous gestures. As acceleration already 
captures this, joint binning was evaluated as a complementary 
feature to improve performance. Joint binning works as fol 
lows: 3D space was partitioned in n bins using a spherical 
coordinate system with an azimuth (0) and a polar angle (cp) 
that was centered at the subjects hip and surrounds the sub 
ject’s skeletal model (see FIG. 2). The parameters for parti 
tioning the sphere and the number of bins that yielded the best 
performance for each regression model were determined 
experimentally. For light, the best performance was achieved 
using 36 bins where 0 and (p were partitioned into 6 bins each. 
For vigorous, 36 bins were used where 0 was partitioned into 
12 bins and p into 3 bins. Binning information for each joint 
was managed by a histogram with 36 bins; with a total of 20 
histograms for all joints were used as a feature vector. Histo 
grams of bin frequencies were created by mapping the 20 
joints to appropriate bin locations over one-minute time inter 
val with a 50 ms sampling rate. When bin frequencies are 
added, the selected bin and its neighbors get votes weighted 
linearly based on the distance of the joint to the center of the 
bin it is in. To reduce data redundancy and to extract dominant 
features from the 20histograms, PCA was used to extract five 
features retaining 86% of information for light and 92% for 
the vigorous activities. As the Subject starts playing the exer 
game, it takes some time for their metabolism and heart rate 
to increase; therefore the first minute of collected data is 
excluded from our regression model. A leave-one-out 
approach was used to test the regression models, where data 
from eight Subjects was used for training and the remaining 
one for testing. This process was repeated so that each subject 
was used once to test the regression model. 
0051 Results 
0052 FIG. 3 shows the predicted METs of the light and 
vigorous regression models using three sets of features: (1) 
acceleration (KA); (2) joint position (KJB) and (3) both (KA-- 
KJB). For the accelerometers (AA), METs are calculated by 
averaging the METs of each one of the five accelerometers 
used according to manufacturer's specifications. METs are 
predicted for each Subject and then averaged over the nine 
subjects: METs are reported in one-minute increments. On 
average the METs predicted by the regression models are 
within 17% of the ground truth for light and within 7% for 
vigorous, where accelerometers overestimate METs with 
24% for the light and underestimate METs with 28% for 
vigorous. These results confirm the assumption that acceler 
ometers predict EE of exergames poorly. The root mean 
square (RMS) error as a measure of accuracy was calculated 
for each technique (see FIG. 4). A significant variance in 
RMS error between subjects can be observed due to physi 
ological differences between subjects. Because the intensity 
for each exergame is the same throughout the trial, METs 
were averaged over the nine-minute trial and performance of 
all techniques were compared using RMS. For the light exer 
game, a repeated-measures ANOVA with a Greenhouse-Gei 
sser correction found no statistically significant difference in 
RMS between any of the techniques (Falaios 3.173, 
p=0.097). For the vigorous ex-ergame, using the same 
ANOVA, a statistically significant difference was found (F. 
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256,10.044–23.964, p<0.05, partial m=0.750). Post-hoc analy 
sis with a Bonferroni adjustment revealed a statistically sig 
nificant difference between MET predicted by all regression 
techniques and the accelerometers (p<0.05). Between the 
regression models, no significant difference in RMS between 
the different feature sets was found (p=0.011). 
0053 Classifying Exergame Intensity 
0054) To be able to answer the question whether an exer 
game en-gages a player into light or vigorous physical activ 
ity, an SVM was trained using all the data collected in our 
experiment. A total of 162 data points were used for training 
and testing with each data point containing one-minute of 
averaged accelerations for each of the 20 joints. Using 9-fold 
cross-validation an accuracy of 100% was achieved. Once an 
activity was classified, the corresponding regression model 
could be used to accurately predict the associated METs. 
0055 For vigorous exergaming activities the method/sys 
tem of the present disclosure predicts MET more accurately 
than accelerometer-based approaches. This increase in accu 
racy may be explained by an increase in spatial resolution that 
allows for capturing gestures, such as head-butts more accu 
rately, and the ability to calculate features more precisely due 
to a higher sampling frequency. The increase in performance 
should be put in context, however, as the regression model 
was trained and tested using a restricted set of gestures, where 
accelerometers are trained to predict MET for a wide range of 
motions, which inherently decreases their accuracy. 
0056. It was anticipated that joint binning would outper 
form joint acceleration, as it allows for better capturing of 
specific gestures; but the data showed no significant differ 
ence in RMS error between both features and their combina 
tion. Joint binning however, may yield a better performance 
for exergames that include more Sophisticated sequences of 
gestures, such as sports based exergames. A drawback of 
using joint binning as a feature is that it restricts predicting 
MET to a limited set of motions that were used to train the 
regression model. The histogram for joint binning for an 
exergame containing only upward punches looks signifi 
cantly different from the same game that only contains for 
ward punches. The acceleration features for both gestures, 
however, are very similar. If it can be assumed that their 
associated EE do not differ significantly, acceleration may be 
a more robust feature to use, as it will allow for predicting 
MET for a wide range of similar gestures that only vary in the 
direction they are performed, with far fewer training 
examples required than when using joint binning. Because 
SVM uses acceleration as a feature, it may already be able to 
classify the intensity of exergames, who use different gestures 
from the one used in this experiment. 
0057 The exergame used for training the regression 
model used a range of different motions, but it doesn't cover 
the gamut of gestures typically used in all types of exergames, 
which vary from emulating sports to dance games with com 
plex step patterns. Also, the intensity of the exergame for 
training the regression models in this example was limited to 
two extremes, light and vigorous, as these are considered 
criteria for evaluating the health benefits of an exergame. 
Rather than having to classify an exergame's intensity a 
priori, a single regression model that can predict MET for all 
levels of intensity would be more desirable, especially since 
moderate levels of physical activity are also considered to 
yield health benefits. 
0058 Though no difference was found in performance 
between acceleration and joint position, there are techniques 
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to refine these features. For example, acceleration can be 
refined by using coefficient of variation, inter-quartile inter 
vals, power spectral density over particular frequencies, kur 
tosis, and skew. Joint binning can be refined by weighing bins 
based on the height of the bin or weighing individual joints 
based on the size of the limb they are attached to. Since the 
emphasis of this Example was on identifying a set of features 
that would allow us to predict energy expenditure, compari 
Sons were not performed using different regression models. 
Different regression models can be used, Such as random 
forests regressors, which are used by the Kinect and which 
typically outperform SVR’s for relatively low dimensionality 
problems spaces like those in this Example. 
0059 A high variance in RMS error between subjects was 
observed despite efforts to minimize variation in EE by draw 
ing Subjects from a homogeneous population. Demographic 
data should be considered to train different regression models 
to compensate for inter-individual variations. Alternatively 
the regression result could be calibrated by incorporating 
demographic information as input to the regression model or 
correcting the regression estimates to compensate for demo 
graphic differences. Since exergames have been advocated as 
a promising health intervention technique to fight childhood 
obesity, it is important to collect data from children. There is 
an opportunity to use the Kinect to automatically identify 
demographic data, Such as gender, age, height and weight, 
and automatically associate a regression model with it, with 
out Subjects having to provide this information in advance. It 
may be advantageous to interpolate between regression mod 
els in the case that no demographic match can be found for the 
Subject. 
0060. It is to be understood that the above discussion pro 
vides a detailed description of various embodiments. The 
above descriptions will enable those skilled in the art to make 
many departures from the particular examples described 
above to provide apparatuses constructed in accordance with 
the present disclosure. The embodiments are illustrative, and 
not intended to limit the scope of the present disclosure. The 
scope of the present disclosure is rather to be determined by 
the scope of the claims as issued and equivalents thereto. 

1. A computer implemented method of determining energy 
expenditure associated with a user's movement comprising: 

obtaining a plurality of video images of a Subject; 
from the plurality of video images, determining a first 

location of a first joint of the subject at a first time; 
from the plurality of video images, determining a second 

location of the first joint of the subject at a second time; 
associating the movement of the first joint of the Subject 

between the first and second location with an energy 
associated with the movement. 

2. The computer implemented method of claim 1, wherein 
associating the movement of the first joint of the Subject 
between the first and second location with an energy associ 
ated with the movement comprises using a regression model. 

3. The computer implemented method of claim 1, wherein 
associating the movement of the first joint of the Subject 
between the first and second location with an energy associ 
ated with the movement comprises using a view-invariant 
representation scheme of motion. 

4. The computer implemented method of claim3, wherein 
the view-invariant representation scheme of motion compris 
ing a histogram of 3D joints. 

5. The computer implemented method of claim 1, wherein 
associating the movement of the first joint of the Subject 



US 2015/009298.0 A1 

between the first and second location with an energy associ 
ated with the movement comprises associating the movement 
with a library of motions and their associated energy expen 
ditures. 

6. The computer implemented method of claim 5, wherein 
the library comprises energy expenditure databased on pull 
monary data. 

7. The computer implemented method of claim 1, further 
comprising calculating the distance between the first joint of 
the Subject and a second joint of the Subject. 

8. The computer implemented method of claim 7, wherein 
determining the location of the first and second location of the 
first joint comprises associating the first and second joints as 
a first combined features and determining a first location of 
the combined feature at the first time and a second location of 
the combined feature at a second time. 

9. The computer implemented method of claim 8, further 
comprising calculating the distance between the first joint and 
the second joint. 

10. The computer implemented method of claim 9. 
wherein the distance between the first and secondjoint is used 
as a morphometric descriptor of phenotype. 

11. The computer implemented method of claim 8, 
wherein the combined feature represents a limb. 

12. The computer implemented method of claim 8, 
wherein the combined feature represents at least a portion of 
a limb. 

13. The computer implemented method of claim 1, further 
comprising, from the plurality of video images, determining 
a first location of a second joint of the Subject at a first time; 

from the plurality of video images, determining a second 
location of the second joint of the Subject at a second 
time; 
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associating the movement of the secondjoint of the Subject 
between the first and second location with an energy 
associated with the movement. 

14. The computer implemented method of claim 1, further 
comprising, from the plurality of video images, determining 
a first location of a plurality of joints of the subject at a first 
time, the first joint being one of the plurality of joints; 

from the plurality of video images, determining a second 
location of the each of the plurality of joints of the 
Subject at a second time; 

associating the movement of each of the plurality of joints 
of the subject between the first and second location with 
an energy associated with the movement. 

15. The computer implemented method of claim 14, 
wherein the plurality of joints comprises at least five joints. 

16. The computer implemented method of claim 14, 
wherein the plurality of joints comprises at least ten joints. 

17. The computer implemented method of claim 14, 
wherein the plurality of joints comprises at least twenty 
joints. 

18. The computer implemented method of claim 14, fur 
ther comprising calculating an interjoint relationship between 
the first joint and a second joint of the plurality of joints. 

19. The computer implemented method of claim 1, 
wherein the energy is an estimated energy. 

20. The computer implemented method of claim 1, further 
comprising calculating an acceleration of the first joint of the 
subject as the first joint moves between the first and second 
positions. 

21-25. (canceled) 


